Abstract The wine industry needs to know the yield of each vine field precisely to optimize quality management and limit the costs of harvest operations. Yield estimation is usually based on random vine sampling. The resulting estimations are often not precise enough because of the high variability within vineyard fields. The aim of the work was to study the relevance of using NDVI-based sampling strategies to improve estimation of mean field yield. The study was conducted in nine non-irrigated vine fields located in southern France. For each field, NDVI was derived from multi-spectral airborne images. The variables which define the yield: [berry weight at harvest (BWh), bunch number per vine (BuN) and berry number per bunch (BN)] were measured on a regular grid. This database allowed for five different sampling schemes to be tested. These sampling methods were mainly based on a stratification of NDVI values, they differed in the way as to whether NDVI was used as ancillary information to design a sampling strategy for BuN, BN, BW or for all yield variables together. Results showed a significant linear relationship between NDVI and BW, indicating the interest of using NDVI information to optimize sampling for this parameter. However this result is mitigated by the low incidence of BW in the yield variance (4 %) within the field. Other yield components, BuN and BN explain a higher percentage of yield variance (60 and 11 % respectively) but did not show any clear relationship with NDVI. A large difference was observed between fields, which justifies testing the optimized sampling methods on all of them and for all yield variables. On average, sampling methods based on NDVI systematically improved vine field yield estimates by at least 5-7 % compared to the random method. Depending on the fields, error improvement ranged from -2 to 15 %. Based on these results, the practical 
Introduction
In order to optimize harvest organization and quality management, the wine industry needs to know the yield of each vine field. Ideally, yield has to be estimated a few days before harvest with a relative error of less than 10 %. Although models have been developed to forecast the yield at the regional level (Baldwin 1964; Cristofolini and Gottardini 2000) , their results were not precise enough to manage logistic issues linked to harvest operations at the farm or at the winery level. Therefore, precise estimation of vine field yield always requires fruit sampling and counting (Clingeleffer et al. 2001) .
Estimation of yield must be carried out quickly (a few minutes per field) at a time when the workload at harvest or for the preparation of the harvest is important. Practical constraints, like the time available to visit all the fields before harvest, limit the number of sampled sites per field. Therefore, yield estimation is based on a low number of sampling sites (*4-5 sites) where variables which define the yield (number of clusters, number of berries per cluster, mean berry weight) are measured by an operator. These variables will be called hereafter yield components.
Accurate estimation of the yield remains difficult because of different sources of errors and/or variability:
(i) Errors due to the operator, mainly counting errors caused by the difficulty in visualizing properly all bunches within the canopy. To overcome this constraint, Wolpert and Vilas (1992) proposed a two-step sampling method. This considers the different yield components on which yield estimation is based, independently. Indeed, depending on the phenological stage of the vine, some of the yield components are much easier to visualize. Thus, Wolpert and Vilas (1992) proposed estimating the average number of clusters early in the season, at flowering, when they are easy to visualize, and the mean bunch weight at the end of the season (just before harvest). It is thus possible to improve yield estimation by minimizing errors on bunch counting without increasing the time required to perform these observations. This approach assumes that the number of flowers does not change over the season and corresponds to the number of bunches at harvest. (ii) the second type of error is caused by the variability at the vine level (within-plant variability); bunch weight presents a high within-plant variability (Clingeleffer et al. 2001) . Measuring this yield component is costly and destructive. Classical methods provide an estimation of this parameter using a small number of representative clusters (Clingeleffer et al. 2001) . To minimize errors of estimation due to the choice of the clusters, different systematic methods have been proposed in the literature (Wulfsohn et al. 2012; Meyers et al. 2011) . Other studies propose the use of alternative sources of information to facilitate or automate bunch weight estimates. This is the case of image analysis that has been proposed to detect, count and estimate the weight of clusters (Diago et al. 2012; Reis et al. 2012; Nuske et al. 2011; Serrano et al. 2005; Dunn and Martin 2004) or to estimate the number and the volume of berries (Grocholsky et al. 2011; Rabatel and Guizard 2007) . Other authors have proposed continuous weighing devices positioned on the trellising system (Blom and Tarara 2009 ) at a specific location in the field. These approaches aim to facilitate the work of observers and possibly reduce the estimation error by increasing n, the number of samples measured while maintaining or reducing the time required to make field observations. (iii) errors can be due to the inter-plant or plant-to-plant variability. To take into account this scale of variability, yield sampling methods generally rely on the definition of sampling sites that include a variable number of vines (usually between 3 and 10). Yield components are measured or sampled across all vines corresponding to the sampling site. (iv) finally, errors can also occur due to within-field variability; Taylor et al. (2005) showed that the coefficient of variation (CV) of the yield is very high in viticulture (CV * 50 %) and, what is more important, yield variation is not randomly distributed but presents a strong spatial organization (spatial autocorrelation). Surprisingly, none of the sampling methods proposed in the literature take into account the spatial organization of the yield; indeed, most of the yield estimation methods are based on a random selection of the sampling sites (Clingeleffer et al. 2001; Wolpert and Vilas 1992) .
In precision agriculture, sampling methods defined according to auxiliary data have been successfully used for the calibration of spatial models (Lesch 2005) . However, to the authors' knowledge, such approaches have never been used for estimating field yield and particularly vine field yield. On the other hand, NDVI may be relevant auxiliary information to optimize sampling for yield estimation. Meyers et al. (2011) proposed using NDVI information to optimize sampling to improve the estimation of vine canopy parameters. Many authors have shown that, for vines, the NDVI or a similar vegetation index was correlated with the yield at the within-field level (Rousseau et al. 2008; Bramley et al. 2005; Martinez-Casasnovas and Bordes 2005) . Moreover, it has been shown to be appropriate to characterize the spatial variability of vine fields at high resolution and sufficiently in advance (up to 15 days before veraison) to plan sampling before harvest (Kazmierski et al. 2011) .
The aim of this work was to study the value of sampling based on NDVI (SBN) to improve estimation of the mean field yield. This study proposes to investigate the interest of optimizing the choice of within-field sampling sites. Considering the two-stage method of Wolpert and Vilas (1992) , the study, (i) investigated the possible relationship between each yield component and NDVI, and (ii) tested, for each stage of the sampling method, the value of a sampling strategy designed according to the spatial distribution of withinfield NDVI values.
Materials and methods

Experimental site
The experiment was conducted on 9 fields in the research vineyard owned by INRA Pech Rouge (Gruissan, Aude, France) (co-ordinates: E:709800, N:6226840, RGF93 datum, Lambert93). Table 1 presents information on the different fields including field size, training system, age of vines and grape variety. The selected fields are all very representative of Mediterranean vineyards in Southern France. Two different training systems were considered: vertical shoot positioning (VSP) and umbrella. These two training systems are the most common in this part of France. The nine fields were non-irrigated. The Pech Rouge vineyard has a Mediterranean climate with a hot dry summer. Precipitation occurs mainly in autumn and spring. A high evaporative demand usually leads to significant water restrictions in summer. The average water restriction over the vineyard, estimated by pre-dawn leaf water potential measurements (Scholander et al. 1965 ) was between -0.75 MPa in August 2003 (dry year) and -0.60 MPa in August 2006 (wet year) (Taylor et al. 2010) .
Previous work Kazmierski et al. 2011) showed that in this vineyard, water restriction is the main factor affecting the growth and the yield of the vines. The soil variability is the main factor explaining the within-field spatial variability of the vine water status, therefore vigour and estimated vigour through vegetation indices like the NDVI derived from airborne images, were relevant surrogate information to highlight within-field zones of water restriction . As a result, NDVI presented a significant temporal stability of the spatial variability at both an intra-annual scale and inter-annual scale (Kazmierski et al. 2011) .
As indicated in Table 1 , the nine fields were spread over three pedological units (PU1, PU2 and PU3). Coulouma et al. (2010) showed that each PU presents a significant soil variability which explains a significant variability in vine vigour, yield and vine water status at the within-field level (Taylor et al. 2010; Acevedo-Opazo et al. 2008) . These previous works pointed out the opportunity of using NDVI information to design sampling strategies for yield estimation.
Image acquisition and processing
Two multi-spectral airborne images were taken before veraison in 2008 (31st July) and 2009 (1st August). Images of 1 m resolution were collected by Avion Jaune (Montpellier, Hér-ault, France). The spectral regions captured in the images were: (i) blue (445-520 nm), (ii) green (510-600 nm), (iii) red (632-695 nm) and (iv) near-infrared (757-853 nm). The 1 m square image pixels were aggregated into 3 m square pixels using the methodology outlined in Acevedo-Opazo et al. (2008) , which approximates the ''mixed pixel'' row spacing approach of Lamb et al. (2004) . The calculation of NDVI (Rouse et al. 1973) was then made on the 3 m pixels (area of 9 m 2 ). Note that mechanical or chemical weeding was performed over the inter-row spacing; therefore row cover crop did not affect NDVI values.
Sampling sites
To compare NDVI values with ground measurements, a 15 m common sampling grid was defined. This common sampling grid was implemented field by field. Sampling grid nodes were taken as sample points, and were referred to as measurement sites (hereafter sites). To avoid border effects, on each side of each field, a buffer of 5 m was excluded from the sampling scheme. The resulting sampling rate was in average: 40 measurement sites per hectare.
Depending on the shape and the area of the field, the number of sites per field was therefore different. The highest number of sites was obtained for the largest field (P22) with 45 sites and the lowest number of sites was obtained for the smallest field (P77) with 19 sites (Table 1) . Given the precision level of image geo-referencing (±1 m), the smoothing introduced with image processing and the spatial footprint of field measurements (see next section), NDVI value was assigned to each site as the mean of 4 pixels corresponding to a square of 36 m 2 .
Field measurements
Yield components [berry weight at veraison (BWv), berry weight at harvest (BWh), bunch number per vine (BuN), bunch weight (BuW) and berry number per bunch (BN)] were measured in 2009. Each site was considered as 5 consecutive vines in the row. BW (at veraison and harvest) was estimated by the average weight of 100 berries randomly taken from the 5 consecutive vines. BuW was estimated at harvest by weighting 10 bunches (2 bunches per vine) also randomly taken from the same 5 consecutive vines. For each site, BN was then calculated as the ratio between BuW and BWh. Finally, BuN was determined by counting all bunches of the 5 consecutive vines of each sampling point. Note that BWv (berry weight at veraison) was measured to test the possibility of estimating mean field yield at an early stage of the growing season (6-7 weeks before harvest), although the study was focused on the yield estimation at harvest. This is why some yield components, such as BN and BuW, were measured or calculated only at harvest. The distance between vines along the row was 1 m. Data were associated with the spatial co-ordinates of the central vine.
The final data base was a set of 313 sites over the 9 different fields. Each site was then characterized by 5 field parameters (BWv, BWh, BN, BuN, and BuW) and 2 remote sensing parameters (NDVI08 and NDVI09), i.e. NDVI values measured in 2008 and 2009, respectively.
Data analysis
A principal component analysis (PCA) was used to evaluate correlations between each yield component and NDVI values measured either in 2008 or 2009. Data were standardized on a per field basis before PCA was performed.
Variance-based sensitivity analysis
A variance-based sensitivity analysis was carried out to assess the relative importance of the sampled parameters in explaining the variability of the mean field yield. More specifically, the mean field yield (Y) was determined from the yield components (BuN, BN and BWh) . This analysis involves the decomposition of variance following the method proposed by Sobol (1993) . The variance of the mean field yield estimation (Var(Y)) was decomposed into terms attributable to each yield component as well as each interaction effect between them (Eq. 1).
where Y: Mean grape yield of the field (kg ha The first-order sensitivity index S i was then used to estimate the relative importance of the yield component ''i'' in the variability of the mean field yield (Eq. 2). Note that higher order interaction indices S ij , S ik … were also computed.
where S i : Main effect index for the i-th component of mean field yield. S ij : Higher order sensitivity index, or effect of the ij-th interaction on mean field yield.
Proposed sampling methods
As proposed by Wolpert and Vilas (1992) , Eq. 3 presents how the mean field yield (Y) is estimated using the mean field BuN and the mean field BuW. The distinction between these two yield components is justified by practical considerations related to optimal periods of observation to provide relevant measurements. Indeed, BuN is more easily estimated at flowering by counting the number of inflorescences while BuW must be estimated as close as possible to harvest to provide the best yield estimation. Yield component BuW may be estimated directly by sampling bunches or by measuring two additional yield components: the mean field BN and the mean field BW.
The two-step approach proposed by Wolpert and Vilas (1992) allowed consideration of different sampling approaches. Depending on how the NDVI variable is used as a surrogate to design a target sampling strategy for BuN or BuW or both, 5 different sampling strategies were proposed and tested: (i) random method (RM), (ii) random-target method (RTM), (iii) target method (TM), (iv) random-model method (M) and (v) model method (MM) ( Table 2) .
Each sampling strategy is a combination of different sampling methods applied to yield components. All sampling methods are based on the selection of n sample sites. They differ in the way of selecting these sites. Tests were performed with a number of sites varying from n = 3 to n = 7. This interval was chosen to encompass current practices that correspond to a number of measurement sites equal to 5. Sampling methods are detailed hereafter.
Random sampling (RS)
Random sampling was based on the selection of n sites randomly chosen among all the available sites. Yield components BuN and BuW are then computed from observations of the n sites to provide an estimate of the mean field yield, following Eq. 3.
Target sampling (TS)
Sites are chosen according to the distribution of NDVI values. For the field under consideration, NDVI values are divided into 100/n% quantiles, with n corresponding to the desired number of sites. Among sites corresponding to each quantile, one site is randomly selected. Therefore, TS is a way to stratify the site selection according to NDVI values. Figure 1 illustrates the TS method with n = 5 sites. This example led to the consideration of 5 intervals on the NDVI values corresponding to quantiles 0-20, 20-40, 40-60, 60-80 , and 80-100 %. For each interval, one site is randomly chosen. Then, an estimation of the mean field yield is computed following Eq. 3.
Model sampling (MS)
The model sampling was only used to estimate BW (Eq. 3). This approach was defined to take advantage of having NDVI values with a high spatial resolution. The overall idea is to use a regression model (Hengl et al. 2003; Lesch et al. 1995 ) that provides an estimate of BW at each location where a NDVI value is available. A regression model was then considered between BWh and NDVI08 where BWh is the explanatory variable and NDVI08 is the dependent variable (Eq. 4). Note that both NDVI08 and NDVI09 were taken into account as dependent variables. However, NDVI08 and NDVI09 presented a significant correlation. Therefore, only NDVI08 was considered to present detailed results obtained with MS.
This procedure was considered as a possibility to better take into account the spatial variability observed over the fields. The regression model was only used to provide an estimate of BWh according to NDVI values (Eq. 4). 
The regression model provides estimates of berry weight at harvest ( d BWhðsÞ) for each site (s) for which a NDVI value (NDVI(s)) is available. a and b are the coefficients to be calibrated for each field.
The model method involved four steps: (i) selection of the sites to calibrate the model; (ii) model calibration; (iii) estimation of BWh on each available site; (iv) calculation of BW from d
BWhðsÞ. Each step is detailed hereafter.
(i) To select the sites, the target method (TS) was used. As two coefficients (a and b) have to be calibrated for each field, the method could apply to only two sites. For practical reasons, a minimum of three sites were considered in this study. (ii) Classical least squares method was used to identify both parameters (a and b) of the model. (iii) The calibrated model was used to estimate d
BWhðsÞ on each within-field location where a NDVI value was available. (iv) BW was calculated as the mean of d
BWhðsÞ measurements.
Combining these three sampling methods (RS, TS, and MS), five different sampling strategies to estimate mean field yield were tested ( Table 2) .
Evaluation of sampling methods
The uncertainty of the sampling methods was estimated by bootstrapping (Efron 1979) . The same methodology was applied to each sampling method. Generically, n sampling sites were drawn and the estimated mean grape yield ð c Y b Þ corresponding to the bootstrap sample b was calculated. This process was repeated B times, which provides B bootstrap samples. Bootstrapping was implemented with B = 1000.
The estimated mean field yield was then computed as indicated in Eq. 5. 
The estimated variance of the considered sampling method was defined as indicated in Eq. 6.
The error in % (Eq. 7) corresponding to the standard error of the mean was derived from the estimated variance d VðYÞ and the estimated mean field yield.
Assuming c Y b is normally distributed, the interval corresponding to ±Error(%). b Y /100 encompasses 68 % of the samples. In order to verify the results obtained from a bootstrapping approach, THEO (%), the relative error computed from a theoretical field with a normal distribution of yield values corresponding to a coefficient of variation (CV) of 65 % was computed (Eq. 8). The value of 65 % was chosen as the mean CV of the yield for the overall fields of the database (Table 3) .
where n: is the number of sites, t: is the value from the Student's table corresponding to the chosen p value, CV (65 %): the coefficient of variation, THEO (%): the percentage of error (%) defines the relative interval in which the true value may be found with a probability 1 -p. Note that THEO (%) was only used to verify the relevance of the results obtained by our bootstrapping approach with the random sampling (RS) strategy. Once verified, RS was considered as a reference to compare the different sampling strategies proposed in this paper. 
Results and discussion
Results are reported and discussed in two sub-sections. The first one aims at analyzing the variability of each yield component at the within-field level as well as the relationship between each yield component and NDVI. The second sub-section deals with the results of the sampling methods.
Yield spatial variability at the within-field level Table 3 summarises mean field yields and coefficients of variation (CV) observed for each field of the data-base. Mean field yields are low which is common in non-irrigated conditions on this type of soil under Mediterranean climate with high deficit in water balance. A significant heterogeneity in mean yields was observed between fields: the lowest yield was 2.76 t/ha (field p76) while the highest is 7.06 t/ha (field p22). The coefficient of variation (CV) showed a significant within-field variability in almost all the fields (CV values are above 35 %), confirming what Taylor et al. (2005) had already observed for a larger data-base obtained with grape harvesters and yield monitoring systems. In the current case, four fields (p65, p76, p77 and p80) presented very high CV values, above 70 %. This result confirms the significance of the within-field variability for grape yield, and the potential interest of proposing sampling methods adapted to this yield variability. Figure 2 shows that, over the nine fields of the experiment, the within-field variability may be summarized by two sets of parameters correlated to the first and second factor of the PCA. These factors represent 62 % of the variability of the nine fields. One group was Regarding the first set, as it includes both NDVI parameters, it was considered as representative of the vegetative expression. Therefore, as represented on Fig. 2 with an arrow, an axis of vegetative expression can be defined. The position of the sites along this axis was in relation to their level of vegetative expression; sites located on the right present high vegetative expression and conversely for sites on the left. Note that this trend was temporally stable since both NDVI parameters measured either in 2008 or in 2009 were strongly correlated. This is consistent with the results obtained by Kazmierski et al. (2011) . This result also justifies the choice of considering only the NDVI measured in 2008 in the rest of the analysis. Hereafter, the NDVI terms will refer exclusively to NDVI08. Figure 2 highlights a correlation between NDVI and BW either at veraison or at harvest. Therefore, sites with high vegetative expression correspond to sites with high BW and conversely for sites with low vegetative expression. Moreover, this correlation was temporally stable over the 2 years of NDVI acquisition. It was also temporally stable from veraison to harvest (at least over the 2 years of NDVI acquisition). However, no correlation was observed between NDVI and BuN or BN. Furthermore, trends highlighted by the PCA masked some disparity between the different fields as shown in Table 4 where the correlation coefficients between NDVI and yield as well as between NDVI and each yield component (BWh, BN and BuN) for the nine fields were calculated.
Relationship between yield components and NDVI
Confirming the results of the PCA, a significant correlation between NDVI and BWh was observed for 5 fields (P22, P63, P65, P88, and P104). However, fields P76 and P80 show a low correlation, being practically non-existent for the other two fields (P77 and P82). Conversely, the results showed a low correlation between NDVI and BN except in the fields P65 and P80. Similarly, a low correlation between NDVI and BuN was observed except for field P82, P65 and P80. This resulted in a high variability of the observed correlations between yield and NDVI (Table 4) . Considering all the fields of the database together, the observed correlation (r) between NDVI and yield was rather low (r = 0.31), although it was statistically significant (p = 0.05). BWh Berry weight at harvest, BN Berry number, BuN bunch number, Y yield * Significant at the 0.05 probability level
Sensitivity analysis
The incidence of each yield component in the within-field yield variance was studied through a sensitivity analysis (Table 5 ). In addition, this analysis allowed calculation of the interactions between different components in the case that they were not independent. According to Table 5 , BuN explained over 60 % of yield variance while BN and BWh explained 11 and 4 %, respectively. An important interaction (second order sensitivity index) between BuN and BN was observed (20 % of the yield variance). This interaction means that BuN and BN were not independent. This observation is logical considering the correlation observed between these two parameters in the PCA (Fig. 2) . No other interaction was highlighted by the sensitivity analysis. As already observed (Rousseau et al. 2008; Santesteban et al. 2013) , the results confirm the possibility of observing a relationship between the NDVI and yield at the within-field level. Considering each yield component, the results provided further information on a significant data-base which encompasses 9 different fields and two different varieties. Indeed, under study conditions, the results showed that among all the yield components, BW (BWv and BWh) was the most closely correlated with NDVI for most of the vine fields.
The low correlations observed between NDVI and BuN or BN can certainly be explained by the impact of winter pruning which tends to control the BuN at the withinfield level. Despite the significant impact that BuN has on yield variability, pruning is a manual operation adapted for each vine which may tend to smooth environmental effects and its potential correlation with vegetative expression (NDVI). In similar conditions, nonpruned vineyards show a decrease in BuN in low vegetative expression zones compared to high vegetative expression zones (Rousseau et al. 2013 ). It is not clear why BN is not affected by the vegetative expression in the current experiment, when, on the contrary, Champagnol (1984) reported that BN may be affected by vigour. However, BN is determined by many factors whose incidence is complex. Meteorological conditions and vigour during bunch initiation the previous year as well as meteorological conditions at flowering largely determine BN (Carbonneau and Ollat 1993) . Although meteorological conditions can be considered uniform at the within-field level, the complexity of the phenomena involved may explain the lack of clear correlation between NDVI and BN in this experiment.
Regarding the sensitivity analysis, note that a very similar analysis was carried out by Clingeleffer et al. (2001) . These authors considered the impact of each yield component on the yield variability from one year to another. They showed that BuN explains 60-70 % of the seasonal variation in vine yield. Yield fluctuation over the years was less sensitive to BN (*20 %) and less sensitive again to berry weight (*10 %). It is interesting to note that the relative importance of the yield components which affect yield variability is rather consistent both spatially and temporally.
Regarding the use of NDVI values to optimize the estimation of yield components, it is difficult to make a clear recommendation. BW presents the highest correlation with NDVI, therefore target sampling BW according to NDVI values could improve mean yield field estimation. However BW is the yield component with the lowest impact on yield variability (4 %). Therefore, the expected improvement using BW in an optimized sampling strategy may have a limited effect on the quality of mean yield estimation. Conversely, BuN and BN present low correlations with NDVI for most of the fields, but these components have a high impact on yield variability. Therefore incidence of both BuN and BN optimized sampling may be significant on yield estimation (at least for some fields). This observation justifies testing all the sampling strategies (Table 2 ) with all the yield components.
Results of the sampling strategies Figure 3 shows the mean error (%) (Eq. 7) observed over the nine fields with the different sampling strategies and for a number of sampling sites ranging from 3 to 7. Three additional pieces of information were added to Fig. 3 in order to analyse the results properly:
-THEO, the error computed from a theoretical field (Eq. 8), -operative number of samples (five samples) corresponding more or less to the current methods used by the wine industry to estimate the mean field yield at harvest -and expected error (10 %) by the wine industry.
As expected, whatever the sampling strategy, the error (%) decreases with an increased number of sampling sites. The decrease is consistent for each method from 3 to 7 sampling sites; the error decreases by *13 %. THEO superimposes perfectly with error from RM. This result demonstrates the relevance of the bootstrapping method to approximate the distribution of mean yield estimations from a random sampling. Although they are not statistically different, errors observed for each sampling method are ordered in the same way whatever the number of sites. Sampling strategies based on NDVI values (SBN) systematically improve the estimation by at least *5-7 % compared to the random method (RM). A lower error is consistently observed when both yield components BuN and BuW (Eq. 2) are estimated from a NDVI distribution (TM or MM). Random selection of sites for estimating yield component BuN (RTM or RMM) therefore results systematically in a higher error. Note however that the difference between both sets of approaches (TM or MM vs RTM or RMM) is very low (*2 %) but consistent whatever the number of sites considered. Although BuN has a low correlation with NDVI, the implementation of a target sampling for this yield component seems to be of interest to improve yield estimation.
The sampling approach currently used by the wine industry is similar to the RM method with 5 sites. This approach results in a mean error of *29 %. This high value shows the uncertainty of the current methods caused by the large within-field variability of yield in viticulture. This also highlights the necessity to provide the wine industry with more efficient sampling methods. Figure 3 confirms the value of using sampling strategies based on NDVI values. However, regarding current operational constraints (five sites), the best sampling method still leads to an error of *23 %. Thus, none of the methods tested in this experiment achieve the error (10 %) expected by the wine industry. As shown by error trends (Fig. 3) , to satisfy their expectations, the solution would be to increase the number of sampling sites in order to decrease the error. However, this solution is costly and would increase the working time. Table 6 shows the large diversity of results observed for the nine fields of the database. It only focuses on RM, TM and MM with five sites, which may approximate the current sampling strategy used by the wine industry. For four fields (P65, P76, P77 and P80) a rather large decrease of the error was observed when implementing a sampling strategy based on NDVI values. These fields also present the highest CV (*77-80 %) (Table 3) . For two fields (P82 and P88), a small decrease of the error was observed, and for the remaining fields (P22, P63 and P104) no decrease of the error was observed. This heterogeneity in the results could explain the lack of significance observed in Fig. 3 . As no clear relationship could not be demonstrated between field characteristics (soil unit, variety, mean yield) and the decrease in the error, it was assumed that the database may not be large enough to identify any clear relationship. Sampling strategies based on NDVI are of value to improve grape yield estimation. Indeed, with the same number of samples and MM method, the grape yield estimation can be improved by 10 %, compared to conventional sampling (random). Depending on the fields, grape yield estimation can be improved from 20 to 0 %. This shows that yield estimations may only be improved (and never damaged) when based on a sampling strategy based on NDVI values.
However, the proposed sampling strategies do not allow achieving the accuracy expected by the wine industry. Several issues deserve further consideration:
(i) Significant improvements may be proposed in order to better take into account the distribution of NDVI values, but also the spatial structure of this information to optimize the location of the measurement sites as proposed by Stein and Ettema (2003) , (ii) Sampling within sites was assumed to be optimal. Therefore, errors due to the operator in counting the number of clusters, incidence of berry selection as well as cluster selection to approximate BuW were assumed to be low. As investigated by other authors (Meyers et al. 2011; Wulfsohn et al. 2012) , methods aiming at optimizing sampling within the plant or between plants at the within-site level may improve the yield estimation. These approaches deserve to be tested in addition to a sampling strategy based on NDVI. (iii) Incidence of the variety as well as training systems must be investigated. In particular, there is little work on the effect of these parameters on the relationship between BuN, BN and the NDVI. On non-pruned vineyards or mechanically pruned vineyards, a better correlation between NDVI and BuN is expected (Rousseau et al. 2013) . Therefore, significant gain in yield estimation may be observed using sampling strategies based on NDVI in these training systems. BuN and BN are yield components which impact significantly the yield variance at the within-field level. If, for a given variety or training system, the correlation between these components and the NDVI is higher than that observed in this experiment, then better results could be expected with a sampling strategy based on NDVI values. (iv) The work assumed that NDVI information is available before flowering to design a sampling strategy. The spatial organization of NDVI values can vary between flowering and harvest (Kazmierski et al. 2011 , Hall et al. 2011 . In this case, the NDVI image acquired before flowering may be more appropriate to design a sampling strategy for BuN. In the case where NDVI information would not be available for the first stage of the method (estimation of BuN, Eq. 3) at flowering, RTM or RMM (Table 3) should be recommended. (v) Practical aspects related to the measurement of some yield components were not considered in this work. Indeed, BuN is quick and easy to measure at flowering (\1 min per site), and it also presents the advantage of being non-destructive. Conversely, BuW (BN and BW) estimation is a destructive method and takes longer ([5 min per site). A simple recommendation would be to increase the number of sites randomly distributed for BuN at flowering while maintaining a limited number of sites defined with NDVI for BuW at harvest. This recommendation corresponds to RTM or RMM methods with a different number of sites at each stage. It has the advantage of limiting the sampling effort at harvest when technicians of wineries are usually very busy. Figure 4 shows the results obtained with this approach using the database. RMM and RTM were implemented with a number of sites between 5 and 15 for the first stage (flowering) and a limited number of sites between 5 and 7 for the second stage (harvest). Figure 4 shows that the combination of these two approaches improves yield estimation by 9 %. The lowest mean error observed (15 %) is close to the expected error. (vi) In this study, it is assumed that the mean of all sites within a field is the true mean.
A more reliable reference would be to compare the estimations with the total amount of harvest weighed at the winery. In the current case, this was not possible because differentiated harvests (manual and mechanical) were carried out on several parts of each field. Differentiated harvests were due to the experiments undertaken by other researchers on the Pech-Rouge Vineyard. In manual harvesting, the whole bunch including the stalks is collected while in mechanical harvesting, only berries are collected. Stalks represent approximately 5 % of the bunch weight. These two types of harvest induced an inaccuracy in the total weight measured at the winery justifying the method used in this paper to estimate the mean grape yield. (vii) Finally, this study assumed that the number of missing or unproductive vines is correctly estimated. In some situations, the percentage of missing plants is an important source of imprecision in yield estimation. Furthermore, in areas with high levels of missing plants, a negative correlation was observed between NDVI and some yield components (low values of NDVI for high values of BW and BuN) because the few remaining vines had high vigor individually. Note that the use of remote sensing images with a suitable resolution can be used to count the missing plants (Robbez-Masson and Foltete 2005) and may be helpful in detecting these specific situations. 
Conclusions
This study, based on a database from nine different fields, showed the value of NDVI information to optimize yield sampling. NDVI presents the highest correlation with berry weight (BW) which, unfortunately, is the yield component with the lowest impact on yield variability. As a result, depending on the field considered, sampling based on NDVI provides marginal improvements on yield estimation. On average, yield estimation can be improved by 10 %. Therefore target sampling based on NDVI can be recommended to the wine industry. Using NDVI as auxiliary information is particularly interesting to stratify sampling (target sampling) for berry weight (and bunch weight) estimation but no significant value was demonstrated when trying to model the number of bunches. Note however that for some fields, yield estimation was significantly improved when target sampling was applied to the number of bunches, showing the potential interest of the approach in specific conditions.
